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Study of Term Extraction Based on Hadoop
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Abstract The expansibility of the traditional stand-alone system has been the main problem and bottleneck for
term extraction based on a large-scale corpus. We present a hybrid model for unsupervised identifying terms
from the large-scale corpus based on Hadoop, which combines with an improved Point-wise Mutual Information
(improved PMI) and some basic rules. Firstly, the method use improved PMI algorithm to determine 2 gram
extended seed. Secondly, extending the 2 gram extended seed to 2-n gram candidate term by word-for-word
extending to the left or the right(n indicates the maximum length of terms and could be defined as any number as
needed). Lastly, the system uses two fundamental rules to filter out candidate terms. The result shows that the
improved PMI could solve the problem of low frequency words co-occurrence in PMI method when the
parameter value of the improved PMI method is greater than or equal to 3, and also shows that term extraction is

necessary based on a large-scale corpus and the system is efficient based on Hadoop.
Key words Term extraction; Technical term; Hadoop; PMI; Improved PMI algorithm
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B 15T
230)
Mt 124)
335)

iR

1 IR IEAY Map-Reduce 1B 48R R E
TS B o AR ATV R P T AL 38 I A
(D Rl —kaEfEeE, 5937 rg a8

EARERFBEES; (2 5 1n JuF I
A 2-n 70 8 36 ARAE 1) TF AN R BR T S &
W, TR X BEANE R T, BN TR R

AR 1SR 7R R B B TR R AT
TiAb ) Map-Reduce 12, TiiAb 3 45 A7 1% T
HDFS |, id/F WinData.
TFE 1. FALEF B Map-Reduce i F2:

Map le\é%

HIN: key (HONEEHE R SCF AW 4TS,
value {E N W 5

Wit key HoAW WFREAIW,, Hr

i

1<i< j<Wlength, value{i} 1;
1) SEHUEBNE KD size 8
1) FOR(int i=0;i<Wlength;i++)
2) IF (i + size < W length)

3) THEN W, = W.substring(i,i + size) ;
4) ELSE THEN

5) W, =W substring (i,W length);
6) END IF

7) write(W, , 1);

8) END FOR
Reduce [ EX:

LD keyTEySJW]., HA1<i< j<Wlength,

i

value {E NPT E 1T 5L key 1H N w; '] Map % HH 11
value £246<1, 1, -, 1>;
i key ([HANW., value fEA /8 TEBAE R

y
JE b LR W, count

1 int W, count=0;
2) FOR(int i =0 ; i <valuesize() ; i ++)

3) W, _count++;

4) END FOR

5) write(W, » W, _count);

g

3.2 %t ln TF R BN

U ER AT R 1n JCF R, it
45 B0 N FreqData, {7itfE HBase . i F2 2 #iik
T Gt =4 Map-Reduce BB .
T 2. girhH A Map-Reduce B :

Map le\é%

BN key {54 WinData 17551 W, 10475,
value fEN<W, , W, _count>;

y
it key (W, HOFHFUW, , Soib
1<m<W,length , value =) W, _count ;

1) FOR (int m=1; m <W,length ; m++)

2) W,, =W, .substring (0,m) ;
3) write(W,,, W, _count);
4) END FOR

Reduce B E%:
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3) W, _count++;
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4) END FOR
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TN O e AR Bword BT 1
c=W.lengih/2 it e N,
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WinData "F UK EER T 4 TR0 W, i€ W, 1)

mean, =1/2(PMI* (W,_,.W,)+ PMI* (W,. 17, ))

n B PMI* (W, W) > PMI* (W._,,W,_, )+ mean,

v . w. ‘54—"—‘_’ w W WW ’ N
EP LA{lLEC EXI':H i I:PI—J E%% 2" o+l }IFE_ PMIk (VVC_I,VVC)>PM]k (W W

c+l
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fN: WinData KT 4 BT FEAI W, 5

Bt : 2 JORRY TR W, BN A T A

1) c=W,length/2 ;

c

2) W_ W, _WW,., =W, substring(c—2,c+2);

3) M FreqData UL I, W7, 19350,

J+l
Hte-2<i<c+l He-2<j<c;

4) RtETFE W, . W, B PMIME,

Jj+l
c-2<j<c;

5) 1+ mean, F1 mean,

c=22""¢ c=12""¢

mean, =1/2(PMI* (W,_,.W,_,)+ PMI* (W,_,.V.))

mean, =1/2(PMI* (W,_, W)+ PMI* (W, W...));

c-1°""¢

6) IF(PMI* (W,_\,W.) > PMI* (W_,,W,_, )+ mean,

c—12""¢ c=22""¢

&& PMI* (W,

c-1°

w.)>PMI* (W W,

c+l

) + mean, )

7THEN W W, NF AT

8)ELSE THEN
9) ¥ FreqData 1 W, W, B H Bk 1;

10) iBH;
11)END IF
332 ¥R 2 ulrY EM T & 2-n JUiRIGEARE
BOE 2 WR T 2 ufR Y RF YRR 2-n o0

IR ARTEI S . X T4 T80 W, Ak a7

JCW_ W, RFY R, WA word=W,_ W, ,

c— c c

loc = ¢ =1 (loc 3K word [R5 — N7 4E W, AL

&), pmi=PMI*(W,_ W,), TEHIIX word #EAT

c-12""¢

AT R Ww, HECH word TG — TG 5 pre Fl

Ja— 0T 5 pos, D HE pre~ word Flword
pos ] PMIME, 73 NP :

(D) 4n 2k PMI* (pre,word ) > PMI* (word, pos) ,

MELE pre ~ word 1] PMIMMER pmi, &

mean = 1/2(PMIk (pre,word ) + pmi) ,oom R

PMI* (pre, word )+ mean > pmi , WINJy word AJ ]
WY &, % word=pre+word , loc=Iloc—1,
pmi = PMI* (per,word), ALY, 7

word XN pmi, IBHY R

(1) s
PMI* ( pre,word) < PMI* (word, pos) , W t %
word  pos M PMI* {H M pmi , %
mean = 1/2(PMIk (word, pos) + pmi) ;o R

PMI* (word, pos) + mean > pmi , WAK word ] [f]
B ¥ k&, &  word=word+pos
pmi = PMI* (word, pos) , HE:EAY &, 75N
tH word KIS NI pmi, JBHTJE

BR2. ¥R 2T AT R 2-n JUiRE AR
ik

fIN: WinData H 7781 W, S e H 0PI TG

W W,

s 2-n JCAREARE word RS R pmi 5
1) WHILE(loc —1> 0 &&

loc + word length <W, length )
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2y  word=W_W,_;

3) loc=c-1;

4)  pmi=PMI*(W_.W.);
5)  temp =loc+ word length ;

6) pre=W, .substring(loc - l,loc) ;

7)  pos=W, .substring(temp,temp + 1) ;

8) I pre+ word Flword . pos ]
PMI* A ;

7)  IF(PMI*(pre,word)> PMI* (word, pos))
8) THEN

mean = 1/2(PMIk (pre,word )+ pmi) ;

9) IF( PMI* ( pre,word )+ mean > pmi )
10) THEN word = pre +word ;
11) loc =loc—1;
12) pmi = PMI* (per,word) ;
13) ELSE THEN
st word J XS L) pmi ;
14) B,
15) END IF

16) ELSE THEN

mean = 1/2(PMIk (word, pos) + pmi) ;

17) IF( PMI* (word,pos) + mean > pmi)
18) THEN word = word + pos ;
19) pmi = PMI"* (word, pos) ;
20) ELSE THEN
s word J XS N pmi ;
21) SN E
22) END IF
23) ENDIF
24)END WHILE

3.3.3  FijadgE
A AFAE P T 308 0 D) AR 452 P 2] 3 9 R D 1) o S
T

A AFAEVERL PRI, 45 5E H AR AH
X AR A

stre Cands , WUR S5 sor 1) 5 B Freq (sir) i /2

E X 6.
Threshold 15 & £ & Cands .

Freq(str) < Threshold , 34 \NF-H5E Cands H1 1l

5%?% Str .
EX 7. AFFIAREIERN.  4hE T8

ww, - w, MU HRSES Filter , X TAEERFH
ww,---w, € Filter , WK 3je[0,m—1],

L i=120 0 TRATMRTE wowy -,

m

L
st.w, = W,

HA, mileN", I1<m.

R FH AT A7 AE A S R0 St ok i () 7 v R
fiz % R1E word {E FreqData H %) 8 451/ T+ H 43 5 (B
Threshold , W4 word e+, BH; HNUIRE
word , AT T —HidJE.

I FH A5 FH ] 2 0 R0 it ok i () 7 v R

1% R E word "HAELE 75 wiw, ---w/ € Filter , JI¥t

word g, 1B S word KRR
pmi, 5

A 3 A T B ARIER Y B Map-Reduce
HE, Map BYBERIFHSEE 1 RIS 2 U 2-n T
fii Rifs, 7E Reduce BB, iz FHAIAAAEIE I DEH
TR 452 FH Al i U o iz RS HEAT I 8 S B
ARiEAEET HDFS |, 124F Terms.

TF2 3. RiEHET B ) Map-Reduce i 72

setup PREL:

SRR A AE Threshold ;

BEEUE AR A Filter HRIFTE 78, fFUE
WAF FilterSet '} ;

Map le\é%

fiN: key 29 WinData 1751 W, 14T 5,

value [HANW, , W, XMW, _count >;

Wit key (ENREARE word , value [HA
word ] PMI*MH pmi ;
DFHEE 1 #E 2 Jofed AT
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2)FI B 2 8 2 Jufe Y AT R & 2-n JC
I AR 1E ;

Reduce Fr Bt :

IN: key [ENIRIEARYE word , value {HA
word 1) PMI*MH pmi ;

i key [EONIRIEARYE word , value A
word [t) PMI*MH pmi ;

DM FreqData HiHL word (1] 45
word _ freq ;

2) IF(word _ freq < Threshold )

3) THEN iBHi;

4) ELSE THEN

5) FOR(String w : Filter)

6) IF( word .contains (w) )
7) THEN B H;

8) END IF

9) END FOR

10) END IF

11) write(word , pmi);
34 RiEHE
ARAEHNE 73 AP TR

(DA FE Core , 3T VYword e Terms
W word e Core » ¥ word ¥ ENAZ ORI &
Core' H1; BN, % word 1) PMIMME pmi B 7 48
word IRINBIRTEES Terms' .

(2) % Terms' FEEANR word #HAT N THE,
WIER word AR IEHIARTE, WK word VRINENSLIK
BEES Garbs' 15 5 WK word T IMB R EE S
Corrects F'o

4 RBREREHH

4.1 SR
(1) 1G &8ss RE, Tl B 2 U8 AR

s

(2) 200M 7 [l SUTE L, FH TSl BOHT [E 40Uk )
NEE

(3) =AM, A 702 AN AR, T
IR ARE A T B B

(4) ICTCLAS #% Crinl . FLit8E 1 79 836 /NiA]
i, R HATERNE IRy —, T Az TR

1.

4.2 SKREER

H ok DLSRAS A e b i AT LA R
i, FrBAAREREH A R PP TERI AAG R, AR
FIHERf AR B SCIR A RN IR . HER TR A
S LI

e e IETRARTE 2650
@%$“7E%@£—nm%.

EEXT 1G W 20 U0 R S, 45 AR A0 I fE
Threshold=6 , #£ PMI* J7iE S50k 4y B 1 # 10
Z 8] 10 A IE B HE B g A7 ARE L SE S . BT
PMIX 7 VE R S E0 k (AR, S BB A% AT 2% H
AN, AT AR AR kA S S, AR
IR B % AR AE I AT 2000 25 45 BAPEI, 22 1 H
T MAESI I R, o, (REARERAS T
ARG IR G A 45 %G O HR kAR
B LS 7R ICTCLAS #% - Ooial g il yE 4550 R
B R MG IE AT o 5 B 456 & 7E ICTCLAS #0014
S R Y T AR R ARG IR R A i
500, I 1000, AT 1500 Al 2000 25 AIE 1) IEMH 2.

F=1 16 METUHKIEEER

k 7323 it 1EH ﬁ(%)

H N i ARif 500 1000 1500 2000

—_

269460 25812 243648 31.2 25.5 2253 212

[\S]

133908 26261 107647  31.8 28.2 27.13 2735
3 61248 25537 35711 63.4 56.1 51.53  48.95
4 41061 23241 17820 75 67.6 62.33 595

5 30138 20052 10086  81.2 74.7 69.53  67.05

6 23609 17129 6480  85.6 78.9 76 74.05
7 19355 14822 4533 91.2 84.2 83 81.85
8 16616 13167 3449 94 90.3 88.67  88.95
9 14693 11885 2808  94.6 91.99 9047 913
10 13442 11025 2417 952 92.4 91.6 92.6

2 527 PMIX LS E k43 EC 1 E] 10
Z.[0) 10 AN IEREEF I A TE A E 25 SR HT 20 2%

B 2 Fion, k=1, k=245 3R HEAERT
MR ZH N 3 L ERFH, H3<k <10}, 45
RPHERT IR 2408 2 o7, HHME L
WRERP 2 nFHRMLIBIE L, £S5
3<k<I0KF, SERAFH 2 uFHEY LT 70%LL L.
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k=1 k=2 k=3 k=4 k=5 k=6 k=7 k=8 k=9 k=10
AT Jr A THR THR THR THR THR THR THR THR
{57 B W% T+ E E)y E)y E)y E)y E
HiBR L ] % i [LX=2 = = = = = =
ik R K [LX=4 = Lk Lk Lk Lk Lk Lk
KB IR Wik E JHLk =2 X2 X2 X2 X2 I
-+ 218 S o U B B E I =2
B30 (ERCES Fh5 W% i I I I E U
RIS ey R K W% i A BRA A A
Ll PR FLL kfz kfz JE T Ktz Btz Bkts ktz
150 ¥EE Tt ST ki) Fh5 JEHT Ktz i Bk Bk Bk
fIREAS SheErRE BUE JETT I A Bk i i i O
REH Jr AR kfz S A Bk % 3 3 3z
e T JEHT AR Bz s T3 Bz Bz LiES
[ 151 R HE AN B4 3z 3 Bz ks % W%
g SifUR £4 Bk Fh5 Bz 5 Jhe Ak e ileg
BRE sl [iEAN A S s Pt Pt P [
) By Bk 3z AR AR lives s H H 4k
i V6 R ] FEHF e LES SR i H#k i feid
SifUR [EEEE 3 1) £4 i H#k i s T
3] JHE 45 PIs £4 [iEAN e g T T s

EFXF 200M BT [ A Rk 2 SIS R 1G 2
ST R EE A R ) 26 F RS20, 38 3 #iid 7 9t 45
B, Hody, RIEARIE. ZaodEin. RIERE XEER

1.
3 200M FhiE) g stIe 45 R
M fErEATE oL iic Rif
1 30458 9606 20825
2 20279 9538 10741
3 11171 8714 2457
4 7531 6590 941
5 5309 4858 451
6 3955 3699 256
7 3187 3022 165
8 2697 2587 119
9 2326 2239 87
10 2073 2004 69

Kl 3 Fiid 7 AE 1G IERHERAR T, ZAREH
IR Gi 1 Jnidk L e % Hadoop “F & 7 s AN &2 1k

¥

I 1t

w
w
1

T EA

B3 MELEST R MBXRE
43 HERHH

1 oA HPL R LA

(1) BEE PMI* J7EZ 4 k BUE G OR, ) (s
PEARIE 4B, A& 1E ICTCLAS %0 #i b (13730
A RIBRBOZETD, EARERIET 500, HY
1000 I 1500 i 2000 2% M HERG K LIBEE k {HIH
PNIE: DN

(2) Hk=1. k=21, 57 HHIHCH 243648
2k~ 107647 26 ARIE, i KT — N H i S B L
IARIERE, VRS RPES T RERBIRS.
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(3) 24 k=3 K AT 2000 2% A i Y HE B R 4 2
k=1, k=28MMfE, U PMI* 5kS 50k B
HARTET 3 HESEE T PMI HIERIE.

MF 2 ATF W, 2 PMINEIE S50k BUE A 1.
2 Ak BUE N 3 3 10 2 18] () 1E B i KA 45
REFEKR. IESHEHUEN 1. 2 &R+, H4
E R 1) 7 B v 5 AL BRI = BR8] 3 A
CHERRLT L “RIBIRT . “THFETL” . “IBBEE”
AL A CRSERT . BB . “FMT . “4R”
SRS T HX e R R I RNE 2, IR R
e R PMIT 2036 . PMII2 B3V 5o R A S T £
BRI A TESE L BUEN 3 31 10 Z 18] 1 IE B 5 1
iR, g R B MR I e, S
3 <k <10 B PMIF L TR 1 RHE AL 0 7 B A
BRIk A, IE HNG R AT LAtk BUE N 3 3 10
Z B PR IR B S5 AR AL “THR” L “ RS
CRIZ” ST EEAE kARRHEZ LT A,
B2 503 < k <10 B PMI* J7 356 AH 5 w5 1 - B Ui
o LG HRAESE T E 1 AE L 2, H) PMI 5 iEAT
FERHRA 7 ER U PR 2, 24 PMIX 5iES 8k > 3
I AT DA £ PMI 5 0 A0 I 7 B SRR (1 s A
SR IEH— 2.

= 3, BEE PMIX 7S50 k HUE RS K, HhEL
G E ARAE 2650, AL & 7E ICTCLAS %00 1] 31 HH 1)
TV RIEFESZE R, [FE, BT EE
FIREN, 243 <k <10 IHlE A AR TE 26 B0 8D
STk (AL 3+ 4 BT 500 2645 R HER %, 7
N 58.4%F1 69%, Xt L 1G 1B RHZE AL NS5k 1
HU 3. 4 BT 500 2645 R BIHER 2 63.4% 75%, A]
DAE Y, JE T R TR 2R T 42 i AR 2 SR 1
HERf s B DASE T R BUBHE R AT AR EUE 26 22
o

HE 3 TLLEH, 151G i8R E M T,
Hadoop “F- & [ 15 SANEE — @ Y LA, Dok LU Bl
AR T LK, BT AR
B AT AR T3 BTG 808 B[] 4

A T —FR 3T Hadoop V- & IF|H PMI*
JTVERAT TC IR B M OB R B, SRR 45 IR R
4 PMIF 7RIS k(AR T45 T 3 I A fig itk PMI
JTERER A, SERUE A — 8. ARSCRIIE 1A
T ORHUASE T e 26 2R AT AV b ) b BV AN I T 43

i 2T G AT AREREU SR . R ZARE SR EY
J5iF, AE 400M B FENG I Rk 2 gk AT R A B S
B, SEUGSERAE k=5 BHmECHE 976 & HiA, Ho
843 2% IEMAHTIA, HERiZRILF] 86. 37%, 25 H Ui
EUAEMBUEE BRG] B, Soh N Tk
PMIX JNVERI S H kAT T 5258, F—2 TERR
8 I FH B2 SR K B I AERF R L R AR DA B R A
SRR A E N E SECk E, FEEAR )
AR IR, RS RS ARTE 1R
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Background

Term extraction is a basic and important research topic in
the Chinese information processing filed. The main purpose of
term extraction is used to extract features of a professional
field, unsupervised establish professional dictionary, and chase
the dynamic and changing of a field.

A large amount of work has been done in term extraction.
Basically, there are three kinds of assets in term extraction:
rule-based, statistical-based, and based on the combination of
rules and statistics. In previously term extraction methods, researchers
tend to use pure rule-based or statistical-based method, but
unfortunately the two methods have their own shortcomings,
the problem of rule-based method is the poor translation in
different fields and the disadvantage of statistical-based
approach is garbage string filtering problem. Nowadays, most
researchers might like using the combination of rules and

statistics, they might compute the correlation degree using
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statistical-based method and then using rule-based to filter out
the garbage in results. At present, these methods are based on
the traditional stand-alone system and the results is not prrety.
With the rapid development of the Web2.0, the age of big
data into every aspect of our lives. Big data and distributed
processing technology provide the great opportunities to
processing, analysis and data mining for us. In this paper, we
combine big data and hadoop platform to extract term in a
corpus. We investigate on the weak point of PMI method under
the circumstance of computing two low frequency and
co-occurrence words, and then we abstract the mathematical
features of two low frequency and co-occurrence words in
corpus and we prove the improved PMI method, PMI* method
could solve the problem of PMI method when the parameter
value of PMI* method is greater than or equal to 3 in both

theory and practice. Meanwhile, the result shows that term
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extraction is necessary based on a large-scale corpus and our professional dictionary and thus improve the precision of the
system is efficient based on Hadoop. existing word segmentation system.

The study results of this thesis will be used to update
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